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SIGNAL DETECTION ALGORITHMS TO
IDENTIFY DRUG EFFECTS AND DRUG
INTERACTIONS

CROSS-REFERENCE TO RELAT
APPLICATIONS

s
w

This application claims priority to U.S. Provisional Appli-

cation No. 61/585,198 filed Jan. 10, 2012, which 1s hereby
incorporated by reference 1n its entirety for all purposes.

GOVERNMENT RIGHTS

This invention was made with Government support under
contract GM061374 awarded by the National Institutes of
Health. The Government has certain rights 1n this invention.

FIELD OF THE INVENTION

The present invention generally relates to the field of com-
puter-aided diagnostics. More particularly, the present inven-
tion relates to a computer implemented method for determin-
ing adverse events associated with patients taking a drug or
combination of drugs.

BACKGROUND OF THE INVENTION

Adverse drug events remain a leading cause of morbidity
and mortality in the United States and around the world. In
addition, nearly 30% of mvestigated drugs fail clinical trials
due to unexpected adverse events. Large collections of
adverse drug event reports are maintained by the Food and
Drug Admimistration and other orgamizations.

Currently, hypotheses about drug side effects are generated
through quantitative signal detection. These methods com-
pare the expected reporting frequencies between drugs and
side effects to the actual frequencies. But uncharacterized
biases 1n spontaneous reporting systems, such as prescription
bias, patient demographic biases, concomitant drug use, and
co-morbidities, significantly limit the effectiveness of these
algorithms.

SUMMARY OF THE INVENTION

The databases maintained by the FDA and other organiza-
tions present an opportunity to study the full range of drug
elfects. In embodiments of the present invention, data-driven
methods are 1mplemented that correct for drug eflects.
Embodiments of the present invention provide significantly
improved performance 1n at least two benchmark settings:
associating drugs to their known side-effects using the FDA
drug labels, and predicting future adverse event reporting
patterns in two spontaneous reporting systems.

An algorithm according to an embodiment of the present
invention provides for latent signal detection. Among other
things, this algorithm infers the presence of adverse drug
events from large observational databases housed by the
FDA, WHO, and other governmental organizations. This
algorithm does not require the adverse event to be reported
explicitly. Instead, this algorithm infers its presence through
more common secondary effects. In an embodiment, machine
learning techniques are used for this purpose.

Another algorithm according to an embodiment of the
present invention provides for statistical correction of unchar-
acterized bias. The same large database housed by govern-
mental organizations can be biased, which makes analysis
difficult and inference more difficult. Further, these biases are
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“uncorrectable” 1n that the covaniates that may explain them
may not be collected 1n the databases. These 1ssues have
severely limited the utility of traditional statistical methods
when applied to these data.

A method according to an embodiment of the invention,
however, uses covariances in drug co-prescription and co-
morbidities to approximate these biases. Statistical methods
are disclosed according to an embodiment of the present
invention that outperform the traditional methods. It has been
shown that a method according to an embodiment of the
present invention can implicitly correct for the effect of a
covariate that 1s not actually measured. This method 1s a type
of automated cohort matching.

In an embodiment of the present invention, a database of
off-label drug effects was developed. The methods according
to embodiments of the present invention allowed for con-
structing of a database of high confidence ofif-label drug
cifects. Many of these drug effects are severe and may require
future action by the FDA to include them on the drug label or
investigate further for possible withdrawal or restriction of
drug use. Others may be minor or rare and may not warrant
significant further action. They are, however, usetful 1n terms
of understanding the pharmacology of small molecules.

In another embodiment of the present invention, a database
of drug-to-drug interaction effects was developed. More par-
ticularly, a database of over 600,000 putative drug-drug inter-
actions was constructed. This 1s drug interaction database
also 1includes phenotypic effects of drugs whereas traditional
data sources simply list that a drug interaction exists or that
there 1s potential for an interaction and do not provide 1nfor-
mation on the type of interaction.

Applications of the methods and databases according to
embodiments of the present invention include drug safety
survelllance, computational drug discovery, predicting eili-
cacy and safety of drugs in development, 1dentification and
inference of missing data in large databases, early detection
of disease (e.g., cancers and chronic 1llnesses), evaluation and
analysis of the Electronic Medical Records, evaluation and
analysis of web search logs, and evaluation and analysis of
any large observational data source with unknown biases (e.g.
large scale high energy physics experiments).

These and other embodiments can be more fully appreci-
ated upon an understanding of the detailed description of the

invention as disclosed below 1n conjunction with the attached
figures.

BRIEF DESCRIPTION OF THE DRAWINGS

So that the manner 1n which the above recited features of
the present mvention can be understood in detail, a more
particular description of the invention, briefly summarized
above, may be had by reference to embodiments, some of
which are illustrated in the appended drawings. It 1s to be
noted, however, that the appended drawings illustrate only
typical embodiments of this invention and are therefore not to
be considered limiting of its scope, for the invention may
admut to other equally effective embodiments.

FIG. 1 1s a block diagram of a computer system on which
methods according to the present invention can be 1mple-
mented.

FIG. 2 1s a flowchart of a method according to an embodi-
ment of the present invention for latent signal detection.

FIG. 3 1s a flow diagram of a method according to an
embodiment of the present invention for latent signal detec-
tion.
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FIG. 4 1s a flowchart of a method according to an embodi-
ment of the present invention for statistical correction of
uncharacterized bias in adverse event information.

DETAILED DESCRIPTION OF THE INVENTION

Among other things, the present invention relates to meth-
ods, techniques, and algorithms that are intended to be imple-
mented 1n a digital computer system 100 such as generally
shown in FIG. 1. Such a digital computer 1s well-known in the
art and may include the following.

Computer System

Computer system 100 may include at least one central
processing unit 102 but may include many processors or
processing cores. Computer system 100 may further include
memory 104 1n different forms such as RAM, ROM, hard
disk, optical drives, and removable drives that may further
include drive controllers and other hardware. Auxiliary stor-
age 112 may also be include that can be similar to memory
104 but may be more remotely incorporated such as 1n a
distributed computer system with distributed memory capa-
bilities.

Computer system 100 may further include at least one
output device 108 such as a display unit, video hardware, or
other peripherals (e.g., printer). At least one input device 106
may also be included in computer system 100 that may
include a pointing device (e.g., mouse), a text mput device
(e.g., keyboard), or touch screen.

Communications interfaces 114 also form an important
aspect ol computer system 100 especially where computer
system 100 1s deployed as a distributed computer system.
Computer interfaces 114 may include L AN network adapters,
WAN network adapters, wireless interfaces, Bluetooth inter-
faces, modems and other networking interfaces as currently
available and as may be developed 1n the future.

Computer system 100 may further include other compo-
nents 116 that may be generally available components as well
as specially developed components for implementation of the
present invention. Importantly, computer system 100 1incor-
porates various data buses 116 that are intended to allow for
communication of the various components of computer sys-
tem 100. Data buses 116 include, for example, input/output
buses and bus controllers.

Indeed, the present mvention 1s not limited to computer
system 100 as known at the time of the invention. Instead, the
present invention 1s mtended to be deployed 1n future com-
puter systems with more advanced technology that can make
use of all aspects of the present invention. It 1s expected that
computer technology will continue to advance but one of
ordinary skill 1n the art will be able to take the present disclo-
sure and implement the described teachings on the more
advanced computers or other digital devices such as mobile
telephones or “smart” televisions as they become available.
Moreover, the present invention may be implemented on one
or more distributed computers. Still further, the present inven-
tion may be implemented 1n various types of software lan-
guages including C, C++, and others. Also, one of ordinary
skill 1n the art 1s familiar with compiling software source code
into executable software that may be stored 1n various forms
and 1n various media (e.g., magnetic, optical, solid state, etc.).
One of ordinary skill in the art 1s familiar with the use of
computers and soltware languages and, with an understand-
ing of the present disclosure, will be able to implement the
present teachungs for use on a wide variety of computers.

The present disclosure provides a detailed explanation of
the present mvention with detailed explanations that allow
one of ordinary skill in the art to implement the present
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4

invention mto a computerized method. Certain of these and
other details are not included 1n the present disclosure so as
not to detract from the teachings presented herein but it 1s
understood that one of ordinary skill in the art would be
tamiliar with such details.

Signal Detection Algorithms

Adverse drug events (ADEs) remain a significant source of
mortality and morbidity around the world. In fact, ADEs
account for 50,000 deaths each year. Many of these ADEs are
unexpected since they are rare and not observed 1n relatively
small clinical trials. To address this 1ssue, large adverse event
reporting systems have been created by the Food and Drug
Administration, the World Health Organization, and Health
Canada. These spontaneous reporting systems solicit volun-
teered adverse event reports from clinicians, patients, and
pharmaceutical companies. The FDA’s Adverse Event
Reporting System (AERS) alone contains over three million
adverse event reports collected over the last 30 years.

Quantitative signal detection algorithms use these data to
flag and prioritize drug-event signals for follow up analysis
and to discover complex relationships that are difficult to
identify manually (e.g., drug-drug interactions). Well recog-
nized biases in reporting, patient cohorts, and prescription
limit the utility of these algorithms.

When applied to spontaneous adverse event reporting sys-
tems, signal detection algorithms attempt to quantify the
“unexpectedness™ of each drug-event association and flag
drug-event pairs for follow up analysis. They do so by com-
paring the observed reporting rates between a drug-adverse
event pair to the expected reporting rates for that pair. Under
the null hypothesis, namely that the drug 1s not associated
with the adverse event, the observed and expected values will
be equivalent and their ratio equal to one.

The utility of these algorithms has been hampered by
biases 1 the data that challenge their basic assumptions.
These biases generally fall into two main categories: report-
ing biases and prescriptions biases. The under reporting of
adverse events 1n spontaneous reporting systems has been
well characterized. Certain machine learning-based algo-
rithms have been developed to identily under-reported (or
non-reported) adverse events.

Reporting patterns for drugs and adverse events can change
over time depending on many factors such as media attention
and the popularity of drugs. For example, 1n 2006 alone, over
18,000 reports were submitted to the FDA for rofecoxib
(Vioxx) and heart attack. This large number of reports for
heart attack make 1t appear to signal detection algorithms that
heart attacks are more common overall, which increases the
expected reporting frequency of heart attack and all other
drugs. As a result, another drug that does cause heart attack
will have to overcome the higher expected value in order to be
detected. In this way, differential reporting patterns cause bias
against drugs and adverse events that are reported 1n large
numbers, making 1t difficult to associate a new drug with a
popular event or a rare event to a popular drug.

Prescription bias 1s another significant source of noise that
challenges signal detection algorithms. Prescription bias
occurs when treatment choice 1s not randomized and patient
demographics are not matched as 1s often the case for obser-
vational studies. For example, the average age of a patient
taking a cholesterol lowering agent 1s higher than the average
age ol a randomly selected patient on any given adverse event
report. This may cause age-related effects (e.g., a higher risk
of heart attack) to be incorrectly associated with cholesterol
lowering agents.

Age-related effects may also bias against finding drug-
event associations. For example, the average age of a patient
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that 1s prescribed amphetamine 1s typically lower than the
average age ol a randomly selected patient. In this case, the
bias will hide the adverse cardiological effects of amphet-
amine since 1t 1s primarily given to younger patients who have
a lower frequency of cardiac events compared to database-
wide averages.

Concomitant medications can also bias drug-effect asso-
ciations. For example, drugs commonly co-prescribed with
rofecoxib (Vioxx), the cox 2 inhibitor that was found to
increase the risk of stroke and heart attack, are more likely to
be associated with heart attack simply because they were
commonly taken together. Also, some adverse events are
actually caused by the treatment indication rather than the
drugs themselves. For example, 1t 1s common for diabetes
drugs to be reported with hyperglycemia, a symptom of the
underlying disease. This causes many false drug-event asso-
ciations that require human intervention to correct. These
biases have gone largely unaddressed in modern signal detec-
tion algorithms.

Modifications to signal detection algorithms fall into two
main categories: stratification and shrinkage. Stratification 1s
used when other variables (besides the drug and the adverse
event) are known or strongly suspected to have an effect on
the association. Two examples of such covariates are age and
sex. Adverse events that depend on these variables may be
casier to detect using stratification. Stratification 1s a method
to amplify signal in the context of known covariates. These
methods, however, may only be successtul for a few covari-
ates because each division of the data reduces the statistical
power 1n each group. They are further limited because cova-
riates and patient demographic data are not complete in these
databases.

Shrinkage methods attempt to reduce the false positive rate
by correcting for the bias toward drugs and events with lower
numbers ol reports. These methods estimate confidence inter-
vals for the unexpectedness statistics and then dampen drug-
event signals that have little evidence to support them. These
methods are, however, blunt instruments in that, while they do
reduce the overall false positive rate, they do not address the
underlying issues of bias in the data. Instead, they rely on
strong signals to survive the dampening procedure. Address-
ing the 1ssues of bias more directly yields greater predictive
power.

An embodiment of the present mvention 1s based on the
observation that the inherent biases in spontaneous reporting
systems can be managed using 1deas from cohort selection 1n
climical trial design. In cohort selection, a control individual
(or individuals) 1s selected to match each of the case individu-
als. The controls are selected based on how well they match a
case on pre-defined covanates. This logic can be applied to
the adverse event reports: for each drug 1t 1s desirable to
compare to a control set of reports that match 1n all covariates
except exposure to the drug so that causal inferences can be
made. Applying traditional cohort matching techniques
directly 1s, however, limited 1n at least two ways. Much of the
pertinent covariate data on the patients (e.g. age, weight,
height, sex, family history, laboratory results, etc) may not be
captured by spontaneous reporting systems. Also, even 1f
these data were available, may not be feasible to manually
enumerate all the important covariates for each drug and each
adverse event combination.

Advantageously, an embodiment of the present invention 1s
a data-driven approach that requires no a priori knowledge of
the important covariates but takes advantage of the internal
covariances of the data and very large numbers of reports. An
embodiment of the present mvention uses the covariance
between drugs and indications to i1dentily a set of control

il

10

15

20

25

30

35

40

45

50

55

60

65

6

reports that explicitly matches in concomitant medication use
and indication. Described below 1s evidence that these control
cohorts also 1implicitly match important hidden covanates.
Also described are below bootstrapping and statistics that
improve the performance of the association analysis.

Latent Signal Detection

The FDA manages a collection of adverse drug event
reports to monitor the safety of drugs. They rely on physi-
cians, pharmaceutical companies, and patients to volunteer
these reports. Since reporting 1s not mandatory, many adverse
drug events that occur are never reported to the FDA, which
has been highlighted as a major limitation of the current
system. To address this 1ssue, an embodiment of the present
invention uses an algorithm to infer unreported adverse drug
events. This embodiment relies on the fact that many adverse
events occur together. For example, nausea and vomiting
commonly manifest together. Therefore, if a drug 1s observed
to causes nausea, 1t can be inferred that i1t also causes vomit-
ng.

A latent signal detection algorithm according to an
embodiment of the present invention expands upon this
observation in order to detect more subtle associations and
identify adverse events that are not reported.

An embodiment of the present invention provides a method
for the latent signal detection as shown 1n the tflowchart of
FIG. 2. It should be noted that the described embodiments are
illustrative and do not limit the present invention. It should
further be noted that the method steps need not be 1mple-
mented 1n the order described. Indeed, certain of the
described steps do not depend from each other and can be
interchanged. For example, as persons skilled 1n the art will
understand, any system configured to implement the method
steps, 1n any order, falls within the scope of the present inven-
tion.

As shown in FIG. 2, a method according to an embodiment
of the present invention 1dentifies the reported events at step
202 that are associated with a given adverse event. At step
204, a predictive model 1s trained on the identified events
using a tramning data set 208. At step 206, the predictive
algorithm obtained from step 204 1s applied to a set of test
data 210 so as to infer hidden adverse events.

Further details of a method for latent signal detection
according to an embodiment of the present invention 1s shown
in the tlow diagram of FIG. 3. It should be noted that the
described embodiments are illustrative and do not limit the
present invention. It should further be noted that the method
steps need not be implemented 1n the order described. Indeed,
certain of the described steps do not depend from each other
and can be interchanged. For example, as persons skilled 1n
the art will understand, any system configured to implement
the method steps, 1n any order, falls within the scope of the
present invention.

As shown 1n FIG. 3, reported events that are associated
with the given adverse event are 1dentified at block 302. To do
this, the FDA drug labels are applied at step 304 to the
reported events. At step 306, those drugs that are known to
cause the given adverse event are 1dentified. In an embodi-
ment of the present invention, these are called “positive
examples.”

A statistical analysis 1s then used at step 308 to find those
reported events that occur most frequently with the positive
examples of step 306. In an embodiment, these events are
called the “1dentified events.” At step 310, a predictive model
1s trained using machine learning techmiques using the 1den-
tified events of step 308. In an embodiment, the resulting
predictive algorithm 1s validated using cross validation of the
identified positive examples. At step 312, the predictive algo-
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rithm 1s applied to a set of test data to infer hidden adverse
events. In an embodiment, the test data 1s withheld from the
previous prior steps. In another embodiment of the present
invention, the predictive algorithm 1s applied at step 212 to the
test data and rank the drugs and drug-drug pairs by their
likelihood to be associated with the given adverse event.

In a further embodiment of the present invention, a post-
processing step 1s applied to remove drugs or drug-drug pairs
that are already known to be associated through known
mechanisms. The result 1s a list of novel drug-adverse event
and drug-drug-adverse event predictions.

Statistical Correction of Uncharacterized Bias 1n Adverse
Event Information

An embodiment of the present invention provides statisti-
cal correction of uncharacterized bias 1n adverse event infor-
mation as shown in the flowchart of FIG. 4. It should be noted
that the described embodiments are illustrative and do not
limit the present invention. It should further be noted that the
method steps need not be implemented 1n the order described.
Indeed, certain of the described steps do not depend from
cach other and can be interchanged. For example, as persons
skilled 1n the art will understand, any system configured to
implement the method steps, in any order, falls within the
scope of the present invention.

The method of FIG. 4 according to an embodiment of the
present invention makes use of the above-mentioned AE data-
bases. As noted previously, these large database housed by
governmental organizations can be biased, which makes
analysis difficult and inference more difficult. In a certain
sense, the biases within the information in these databases 1s
“uncorrectable” 1n that the covariates that may explain them
may not be collected 1n the databases. Such issues have
severely limited the utility of traditional statistical methods
when applied to these data. Advantageously, an embodiment
of the present invention addresses these 1ssues.

A method according to an embodiment of the mmvention,
however, uses covariances in drug co-prescription and co-
morbidities to approximate these biases. In an embodiment of
the present invention as shown 1n FIG. 4, adverse event infor-
mation 1s received at step 402 such as from the FDA or other
databases. At step 404, the biases within such information are
approximated using covariances 1n drug co-prescription and
co-morbidities 406. At step 408, corrected adverse event
information 1s output and made available for other analyses.

It has been shown that a method according to an embodi-
ment of the present imnvention can implicitly correct for the
elfect of a covanate that 1s not actually measured as will be
described further below. This embodiment of the present
invention 1s a type of automated cohort matching. Statistical
methods are disclosed below according to embodiments of
the present invention that outperform the traditional methods.

The method of FIG. 4 as an embodiment of the present
invention 1s usetful 1n correcting for noise mtroduced by con-
comitant drug use and reporting. As discussed turther below,
this was shown 1n an application of the present invention
where a “Corrected PRR” score was calculated for each drug-
event association and false correlations were examined. This
embodiment of the present invention significantly dampened
the correlation between concomitant drugs and false associa-
tion rates. Importantly, these embodiments of the present
invention do not simply reduce the association scores without
regard to concomitant drug use; in each case where an
embodiment of the present invention corrected for the false
associations caused by these drugs, it preserved the true drug-
event associations. In another application, an embodiment of
the present invention corrects for bias mtroduced by thera-
peutic mdication. Results as discussed further demonstrate
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that embodiments of the present invention appropriately cor-
rect for indication bias and remove correlations stemming
from drug-indication associations.

Results

Concomitant drug use 1s a significant source of noise 1in the
Adverse Event Reporting System. In an embodiment, 1,559
adverse events were 1dentified with very high associations
with drugs (PRR>100) on at least 10 reports and which are
reported on the FDA drug labels. These represent a set of
known strong positive associations. It 1s hypothesized that
other drugs often used concomitantly with these strong asso-
ciation drugs would cause false adverse event associations.
As an example, consider the drug pergolide which was taken
olf the market due to the risk of heart valve damage. Pergolide
has a very high association with the heart valve damage
adverse event in the AERS (PRR=118.5). In an embodiment,
it was shown that drugs used with pergolide also are associ-
ated with heart valve damage and that the strength of this
association 1s correlated to the strength of their association
with pergolide use (p=0.50, p=0.02). This pattern of associa-
tion was found repeatedly: the more a drug 1s reported with a
causative drug for an adverse event the more likely that drug
1s to be falsely associated with the adverse event. This cor-
roborates that concomitant drug use 1s a significant source of
noise i the AERS that must be considered 1n order to make
valid drug-event associations.

A method according to an embodiment of the present
invention corrects for noise introduced by concomitant drug
use and reporting. This was shown 1n an application of the
present invention where a “Corrected PRR” score was calcu-
lated for each drug-event association and false correlations
were examined. An embodiment of the present imnvention
significantly dampened the correlation between concomitant
drugs and false association rates

The mvestigation of four specific examples 1s described
below. These examples include the examination of rofecoxib
and myocardial infarction, 1soniazid and hepatic failure, aba-
cavir and rash, and pergolide and heart damage. It was found
that 1n each of these four examples the association scores for
the concomitant drugs were significantly adjusted, drastically
reducing the false positive rate. Importantly, embodiments of
the present invention do not simply reduce the association
scores without regard to concomitant drug use; in each case
where an embodiment of the present invention corrected for
the false associations caused by these drugs, 1t preserved the
true drug-event associations.

Therapeutic indication 1s a significant source of noise in the
Adverse Event Reporting System. The noise itroduced by
correlations between drug use and therapeutic indication was
also 1nvestigated. It 1s a curious observation that many
reported adverse events are symptoms of the disease being
treated rather than effects of the treatment regimen. For
example, 1t 1s common to see the adverse event hyperglyce-
mia reported with patients on hypoglycemic agents. This
adverse event 1s most often appropnately attributed to the
disease being treated (e.g., Type 11 Diabetes), rather than the
drugs themselves. In an application of an embodiment of the
present vention, 658 adverse events were identified that
were strongly associated with indications (PRR>100) and
with at least 10 reports supporting the association. It was
found that drugs reported with these indications were much
more likely to be associated with these adverse events—
potentially falsely in certain cases. Therapeutic indications
are a significant source of bias 1in the AERS.

Embodiments of the present invention correct for bias
introduced by therapeutic indication. Results demonstrate
that embodiments of the present invention appropriately cor-
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rect for indication bias and remove correlations stemming,
from drug-indication associations. An analysis was per-
formed of four specific examples: hyperglycemia and drugs
given to diabetics, elevated cholesterol and cholesterol low-
ering agents, depression and anti-depressants, arrhythmias
and anti-arrhythmics. In each situation, embodiments of the
present invention appropriately scale down PRR estimates so
that, 1n general, the drugs are not associated with their 1ndi-
cation’s side eflects. Notably, there are exceptions that may
not be false associations. For example, the PRR score
between the anti-arrhythmic drug dofetilide and arrhythmias
remained high even after correction with embodiments of the
present invention. In fact, dofetilide has well established pro-
arrhythmic effects which restrict 1ts use. Once again, embodi-
ments of the present invention do not sitmply dampen all PRR
scores without regard to indication. Instead, the scores for
drugs associated with indications were found to be reduced
significantly more than scores for drugs not associated with
these indications.

Embodiments of the present invention correct for clinically
significant covariates. In an application of an embodiment of
the present invention, 33 adverse events were 1dentified with
relatively high average PRR scores and male-oriented sex
imbalances. Examples of adverse events that passed these
criteria are penile swelling, azoospermia, and cryptorchid-
1sm. I sex dependent biases exist 1n the data, then drugs that
are primarily given to males will be more likely to be associ-
ated with these male-oriented adverse events. A correlation
was observed between male-oriented adverse events and
drugs that are mainly prescribed to males, which corroborates
the hypothesis here. After an embodiment of the present
invention was applied to the data, it was observed that the bias
was removed. Notably, the embodiment of the present inven-
tion used here was not explicitly trained on sex information.
Rather, the embodiment implicitly corrected for the effect of
this important covariate.

In addition to correcting for sex-dependent associations,
embodiments of the present mvention also correct for age-
dependent associations. Associations of myocardial infarc-
tion were used to demonstrate this. It 1s noted that older
patients are more likely to develop myocardial infarction
independent of their treatment exposures, and conversely,
younger patients much less likely. Betore applying a method
according to an embodiment of the present invention, a cor-
relation 1s found between the average patient age for a drug
and the association score to myocardial infarction. Embodi-
ments of the present ivention implicitly remove this corre-
lation without any information about age dependencies. This
suggests that embodiments of the present invention are cor-
rected for other potentially important covariates implicitly as
well. Age and sex were examined because such information 1s
available 1n the AERS data, and additional covariates are not
available.

In an application of an embodiment of the present inven-
tion, the results of the association analyses was evaluated
against three silver standards: (1) side effects mined from the
FDA drug labels, (2) adverse events reported to the FDA after
the date used to dertve the methods, and (3) the adverse event
reports from Canada. Logistic regression was used to evaluate
the performance of the uncorrected proportional reporting
ratios, “Original PRR.,)” the corrected ratios, “Corrected
PRR,” and the newly presented association statistic, “T Sta-
tistic.” It was found that for each of the three silver standards,
the T-Statistic performed the best, followed by the Corrected
PRR, and the Original PRR performed least well. In fact, the
magnitude of the Original PRR score was often inversely
proportional to the silver standard, as was the case for both the
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Future AERS and MedEflect databases. This result implies
that examiming the top ranked associations based on the
Original PRR score will enrich for false positives over true
positives.

Estimates of observed and expected reporting frequencies
cnable alternative signal detection statistics. In order to
improve the performance of PRR and enable the use of amore
sensitive statistic, the distributions of the observed and
expected values were characterized for each drug-adverse
event pair with bootstrapping, and confidence intervals were
established 1n the estimates. A t-statistic was used to charac-
terize the difference between the observed and expected val-
ues. This statistic has no inherent bias against drugs and
events with large numbers of reports. It was found that as the
number of reports supporting a known drug-adverse event
association i1ncreases so does the statistic. While this 1s an
intuitive and expected statistical relationship, the proportion-
ality ratios (e.g. PRR) do not share this characteristic. It was
found that the average proportional reporting ratio was
inversely proportional to the number of reports for known
drug-event associations (p=-0.62, p=3.4¢-6), and the T-sta-
tistic had a positive relationship with the number of reports
for known drug-event associations (p=0.84, p<2.2e-16).
Additionally, 1t was found that the T statistic outperforms
PRR atidentitying known drug-adverse event associations in
all three silver standards.

The increased precision and specificity of embodiments of
the present invention enables the construction of databases
enumerating off-label effects of drugs. Because the FDA
label 1s based on 1nitial phase 3 trials of limited size, it only
has the common adverse events. Many side elfects are not
listed on the FDA drug label, and resources based on the
labels, such as the side effect database (SIDER), may be
incomplete. In addition, many side effects may be minor or
occur at a low frequency, not warranting a label update. Nev-
ertheless, a more complete compendium of drug effects may
be useful 1n both research and clinical settings.

In an embodiment of the present mnvention, a database 1s
constructed of 149,527 off-label side effects for 632 drugs
and 1,322 adverse events. In an embodiment, the drug-event
associations were grouped into five confidence categories
according to the amount of supporting evidence in the AERS.
The highest confidence category contains 18,1377 ofi-label
drug side effects. For comparison, the SIDER database lists
48,577 drug-event associations for 620 drugs and 1,092
adverse events that are also covered by the data miming. A
database according to an embodiment of the present invention
called OFFSIDES also recovers 41.44% (20,130 drug-event
associations) of SIDER from the adverse event reports.

In another embodiment of the present invention, a database
of polypharmacy side effects for pairs of drugs 1s constructed.
A particular database that was constructed was called TWO-
SIDES. As constructed, this database contains 868,221 sig-
nificant associations between 59,220 pairs of drugs and 1,301
adverse events. These associations are limited to only those
that cannot be clearly attributed to either drug alone. The
database contains an additional 3,782,910 significant asso-
ciations for which the drug pair has a higher association score
(PRR) than the individual drugs alone. It was found that the
TWOSIDES database 1s enriched for pairs of drugs with
known interactions (t=6.6, p=4.9¢-11).

In an embodiment, the high confidence associations from
OFFSIDES were used to establish class-wide adverse event
associations. In an embodiment, 67 significant interactions
were 1dentified between ATC drug classes and top level
adverse event (COSTART) terms. Twenty-two of these asso-
ciations are significant multiple hypothesis correction. These
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results recapitulate common knowledge about the effects of
drugs. For example, there 1s a significant positive association
between antiparasitics and nervous systems adverse events.
Drug-effect associations are predictive of shared protein
targets. Recent studies have shown two drugs that share simi-
lar side effect profiles are more likely to hit the same protein
target. This result 1s replicated using the data mined associa-
tions 1n the OFFSIDES database according to an embodiment
of the present mvention. A similarity metric was able to
significantly predict the number of shared targets between
cach drug pair 1n a linear regression model. Two covariates
were included 1n the model: (1) the similarity score as derived
using the SIDER database (the FDA drug labels), and (2) the
similarity score as derived using the OFFSIDES database.
Both wvariables were significant 1n a univarniate setting
(p<2.2e-16). Interestingly, it was found that OFFSIDES pro-
vided independent information when used 1n conjunction
with the data from SIDER (F=229.48, p<2.2¢-16) as deter-
mined by an ANCOVA. A similarity score (ss) cutolf of 2.0
yields precision of approximately 30% 1n both models and a

cutoll of 0.0 corresponds to approximately 18% precision.
OFFSIDES compliments SIDER by recovering 100 pairs of
drugs (ssOFFSIDES>2) that are known to share targets that
SIDER misses (ssSIDER<O0). For example, there are 40
known drug targets for fexofenadine and 72 for gabapentin
with 26 of those targets shared between them. This many of
the same targets suggests that these drugs likely have similar
side effect profiles, vet the side ell

ect stmilarity score based
on SIDER 1s very low (ssSIDER=-0.41). This same pair of
drugs, however, has a high side effect similarity score when
using the OFFSIDES database (ssOFFSIDES=2.29). Interac-
tion analysis reveals seven clinically significant drug class
interactions.

Discussion

Quantitative signal detection 1n adverse event reporting
systems aims to identily and flag significant drug-eil

eCt asso-
ciations from large clinical population databases. However,
the utility of these algorithms 1s limited by well known biases
in these data. These biases include under-reporting and pre-
scription biases among others.

In a separate method that addresses under-reporting for the
identification of drug-drug interactions. The second source of
bias, prescription bias, atfects most or all drug oriented obser-
vational data bases. This bias occurs when treatment regi-
mens are not randomized or cases and controls are not
matched. Physicians will prefer certain drugs in the context of
particular covariates. For example, for patients with renal
impairment, physicians will often preferentially prescribe
moxifloxacin over other fluoroquinolones.

This bias intluences adverse event reporting since patients
with impaired kidney function will experience specific kid-
ney-related adverse events. Prescription bias 1s very difficult
to remove computationally. Traditional signal detection algo-
rithms typically use the reports for that drug as the “cases™
and the rest of the reports 1n the database as the “controls.”
The cases can be very biased 1n patient conditions and demo-
graphics.

The methods according to embodiments of the present
invention essentially identily a matched set of controls by
using all available data to define and correct for the key
correlated variable values. The methods according to embodi-
ments of the present invention explicitly remove two major
sources ol bias: concomitant medication use and prescription
indication. The methods according to embodiments of the
present invention also implicitly remove other biases, such as
patient demographic and condition.
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A method according to an embodiment of the present
invention for correction of bias and producing more appro-
priate estimates ol the expected reporting proportions
between drugs and adverse events complements other signal
detection methods. In fact, the various methods can be used
together seamlessly. The methods according to embodiments
of the present invention provide a pre-processing step that 1s
applied to the data before traditional analysis 1s performed. In
addition, the relative effect of methods according to embodi-
ments ol the present imvention can be controlled through
parameters that allow the user to adjust the stringency with
which the method 1s applied. This enables the methods of the
present mnvention to be used 1n a wide variety of applications.

It should be noted that certain embodiments of the present
invention may not completely remove all of the biases in the
data. In such embodiments, likely false association signals
are more likely to be reduced, while those that are likely true
positive are either not changed or are amplified (as 1n the case
of amphetamine). Also, because certain embodiments of the
present invention adjust the expected values to match the
anticipated bias 1n the observed values, such embodiment
may dampen the signal of true associations 1n the cases where
the bias 1s large. In certain embodiments, the ability to remove
the false associations introduced by treatment indications can
be hampered by the imperfect availability of indication data.

While adverse event reports tend to list drugs a patient 1s
taking, the reporting of indications 1s less reliable. As a result,
the adverse events reported may be attributable to one of the
indications. Methods that impute the indications based on the
medications present on the report may help mitigate this
limitation.

It should also be noted that certain embodiments of the
present invention may be more computationally expensive
than the basic proportionality statistics because embodiments
ol the present invention calculate two large covariance matri-
ces. In such embodiments, however, such computations are
only performed once for each version of the database ana-
lyzed.

Materials and Data Sources

In an application of the present invention, 1,851,171
adverse event reports were downloaded from the Adverse
Event Reporting System from the Food and Drug Adminis-
tration’s website from the first quarter of 2004 through the
first quarter of 2009. In addition, the Side Eifect Resource
(SIDER) was downloaded. SIDER 1s a database of the drugs,
adverse events, and indications mined from the FDA drug
labels and Canada’s MedFEffect resource, the sister database
to the Adverse Event Reporting System containing approxi-
mately 300,000 adverse event reports (downloaded Septem-
ber 2009). For comparison drug-target information was
downloaded for use correlating side-effect similarity to
shared drug targets. Also, an independent database was down-
loaded for the adverse event reports for third quarter 2009 to
fourth quarter 2010 for validation purposes.

Statistical Model and Assumptions

Embodiments of the present invention may apply two
assumptions. It 1s assumed that the observed reporting ire-
quency between any drug and event (say drug x and event y)
1s a biased estimate of the incidence. The incidence being
defined as the actual proportion of patients on drug x that
experienced eventy (given that they had any adverse events at
all). It 1s also assumed that an adverse event (e.g., event y) on
any given report can be attributed to the drug of interest (e.g.,
drug x), the other drugs on the report, or the indications for
which the drugs are given.

Signal detection algorithms identity drug-adverse event
pairs that are disproportionately represented 1n the data for
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tollow up analysis. Most of these algorithms derive statistics
from a contingency table for each given drug-adverse event
pair. The algorithms then compute the ratio of the observed-
to-expected number of reports for a given drug-adverse event
pair:

obs

ala+b+c+d)
exp  (a+ba+c)

This ratio has taken on different disproportionality forms,
such as the proportional reporting ratio (PRR) and the report-
ing odds ratio (ROR):

alia+ b)
PRR = ROR
c/{c+d)

_ﬂﬂb
_Eﬁi

These statistics, and other similar methods, are approxi-
mately equivalent since b 1s much larger than a, and d 1s much
larger than c. These ratios are generally referenced as

An assumption 1n an embodiment of the present invention
is that, under the null hypothesis, both O, and E,  are biased
estimators of the actual incidence, L,,. This ratio can be writ-
ten as follows:

Ly +€

Ly+ B

where [3 1s the bias of E,, and e 1s the bias in O,,.. Note that
under the null hypothesis

Ly +¢€

= 1.
Ly + P

lim
f—e

The bias cannot be computed directly. Therefore, an
applied strategy 1s to adjust the cohort of reports upon which
the estimate, E, 1s based so that p approaches e. This approach
1s similar to those employed by cohort matching methods
where each case patient 1s matched to control patients that are
similar 1n a set of predefined covanates. Similarly, a goal of
this embodiment 1s to find a matched control cohort of reports
that more closely matches the case reports (e.g., have the
same or similar biases).

In an embodiment, these control reports were used to pro-
duce a more realistic estimate of the expected value given the
biases 1n the case cohort. To 1dentity the set of control reports
to use, the second basic assumption 1s applied.

Previous work has identified different types of bias 1in spon-
taneous reporting systems. These include concomitant drug
use, indication co-morbidities, selective reporting, and pre-
scription biases. Embodiments of the present invention, how-
ever, address concomitant drug use and indication co-mor-
bidities explicitly and the other forms of bias implicitly.

Concomitant drug use can cause drugs which are com-
monly taken together to be incorrectly associated with each
other’s side effects. For each drug, an embodiment of the
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present invention 1dentifies other drugs that are significantly
co-reported and perform an analogous 1dentification of co-
reported indications. This yields two sets of control reports
(one set for co-reported drugs and one for co-reported 1ndi-
cations). An embodiment of the present invention restricts the
cohort of reports upon which the expected estimate, E, 1s
based to the union of these two sets. It 1s beloved that an
estimator that uses only these reports will have more similar
biases (e.g., will be a better control cohort) than an estimator
that uses the entire database of reports.

More explicitly for an embodiment of the present inven-

tion, let X be the drug of interest, let R be the set of all adverse
event reports, and let D _,, be the set of all drugs. The matched
cohort of reports, M, 1s defined as follows:
M=R :D, D =VR R where R, is report 1, D, 1s the set of drugs
listed on RI.,, and D_ 1s the set of drugs that are correlated in
reporting with x and 1s defined as D, =d;:¢, ,>c. Vd,D,;,.
Where ¢ 1s Pearson’s phi coellicient. Note that C:; 1S a param-
cter that requires optimization and 1s dependent on x. This
parameter controls the relative size of the background, or
control, set of reports to the number of reports for drug x (e.g.,
the foreground or cases).

The same value for c¢_ cannot be used for all drugs since
some drugs are tightly co-reported with many other drugs and
others with only a few. This would result 1n different relative
background sizes. To keep the size of the background rela-
tively constant, the value of ¢_ was independently determined
for each drug. This was done by first setting ¢, to 1.0 and
determining the size of the background. If the number of
reports 1n the background was less than a predefined value,
the value was relaxed by dividing by 1+n, where n 1s the
number of iterations already performed. For example, for the
first iteration, n=0 so ¢c_=1/(1+0)=1.0. For the second 1teration
n=1 so ¢,=1/(1+1)=0.3, the third, ¢ =1/(1+2)=0.333, and so
on.

This was done in an embodiment until the size of the
background was greater than or equal to the desired size. To
explore the relationship between the ratio of the background
to the foreground in an embodiment, four distinct runs (A, B,
C, and D) were performed. In A, the reporting correlation
cutolf was relaxed so that the background was, on average, 10
times the size of the foreground. In B, the average was
required to be 20 times the size of the foreground, and 150
times for C. For D, no restriction was placed and the entire
database was used as the background (the average was 800
times the foreground).

It 1s noted that no unbiased gold standard for adverse drug,
events exists. The drug-event associations from the FDA drug
labels are an option for comparison. But 1t 1s important to note
that the labels are biased toward the more common adverse
events that are observed and reported in pre-marketing clini-
cal trials. This bias will limit the applicability of the drug
labels since the goal of proportionality analysis, in this con-
text, 1s to 1dentily rare and unexpected side effects of drugs.
An independent adverse event database, such as Canada’s
MedEftect database, can also be used for evaluation. Since
such a database will suffer from the same types of confound-
ing variables, 1t 1s necessary to take only a subset of high
confidence associations.

In an embodiment, only those associations where there was
only one drug listed on the report were extracted under the
assumption that if only one drug is listed then 1t 1s the caus-
ative agent. Siumilarly, a subset of AERS (Quarter 3 2009
through Quarter 4 2010) was used in this embodiment that
was not used 1n the original analysis as a third silver standard.
Again, only those reports that list exactly one drug were used
so as to mitigate confounding effects.
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In an application of an embodiment of the present inven-
tion a statistical analysis of eight case studies was performed.
To demonstrate how a method according to an embodiment of
the present invention corrects for likely false associations,
four drugs and four indications were manually selected that
exemplily a method according to an embodiment of the
present mnvention. Drugs were chosen which are notably asso-
ciated with severe side eflects. These drugs-side effect pairs
were refecoxib and heart attacks, 1soniazid and hepatic fail-
ure, pergolide and heart valve damage, and abacavir and rash.
Other drugs that are concomitantly taken with these four
drugs are at risk of being incorrectly associated with these
side effects simply through correlation in reporting. The asso-
ciations between the concomitant drugs and the four adverse
events are termed “likely false.” The FDA drug labels were
then used to define known true associations between drugs
and the four adverse events.

In correct operation, the method according to an embodi-
ment of the present invention the signal for the “likely false™
associations will be dampened to a greater degree than that of
known true signals. Test for a difference 1n the log ratio of the
original to corrected association scores was then performed.
The log ratio was used so that the data conforms to the
assumptions of the statistical test (Student’s T-Test) and 1s
uncorrelated with the magnitude of the association score.
This analysis was repeated for four indications.

Drugs that are significantly reported with these indications
are more likely to be falsely associated with the indications
elfects. These associations are termed “likely false.” A set of
known true associations from the FDA drug labels was
defined and the statistical analysis was repeated.

In an application of an embodiment of the present mnven-
tion bootstrapping and using the Student’s T statistic to evalu-
ate drug-event associations was then performed. The dispro-
portionality analysis statistics, such as the proportional
reporting ratio, are biased toward drugs and events with
smaller numbers of total reports. This makes 1t more difficult
to associate “popular” drugs with rare adverse events and
“popular” events with rare drugs. As the number of reports for
a given drug increase the average proportional reporting ratio
between that drug and its known side effects decreases
(p=-0.62, p=3.4¢-6).

Alternatively, bootstrapping can be used to estimate the
mean and variance of the proportion of reports associating a
given drug and adverse event. This enables the use of statis-
tics, like the Student’s T Statistic, that represent a more sen-
sitive way to associate drugs with adverse events. In this case,
the difference between the observed and expected values 1s
tested rather than the ratio. In contrast, the proportional
reporting ratio, the T statistic between drugs and their known
side effects, increases as the number of reports increases
(p=0.84, p<2.2e-16). This characteristic makes the T statistic
a more desirable statistic when 1dentifying more common
elfects or rare etfects for common drugs. It also makes the T
statistic significantly more predictive of the associations
reported 1n all three silver standards.

In an embodiment, drug side effect similarities were used
to predict shared targets. Previous work has shown that a
drug’s side eflects can be used to predict protein targets.
Other investigations have shown that 1f two drugs are similar
in the side effects they elicit, then they are more likely to share
a common drug target. As validation of the biological rel-
evance ol the methods according to embodiments of the
present invention, this result was replicated the above-de-
scribed mined associations. The similarity between two drugs
was calculated by computing the Tanimoto coelficient
between the drug’s adverse event bit vectors (in these adverse
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event bit vectors each bit represents one adverse event and 1s
set 1f the drug has a significant association with the adverse
event). Some drugs have higher similarity scores on average
using this metric, so a z-score normalization by drug was
performed. These “z-similarities” were calculated for both
the SIDER data set (the side effects extracted from the FDA
drug labels) as well as for the OFFSIDES dataset according to
an embodiment of the present invention. The similarity
score’s ability to predict the number of targets two drugs
share was tested using a multivariate linear regression and
tested for imndependence between SIDER and OFFSIDES
using an F test (ANCOVA).

An embodiment of the present invention provides a gener-
alization of the method for multi-item associations (drug-
drug interactions). The analysis used for single drug-event
associations for drug-drug-event associations was repeated.
In this case, as 1n the single-1tem associations, the correlation
cutoll was relaxed until the desired background to foreground
ratio was met. In this embodiment, a report can be included in
the background by being correlated with either drug 1n the
pair individually (and not necessarily with both drugs
together). As before, the proportionality statistics calculated
and confidence intervals were estimated by bootstrapping.
These putative drug interactions were evaluated against a list
of critical or significant interactions maintained by the Veter-
ans Association hospaital.

The OFFSIDES database as an embodiment of the present
invention was constructed as a union of runs B and C. In run
B, the background-to-foreground ratio is tighter where asso-
ciations between drugs and events are held to a more stringent
background. Significant associations from run B 1s of higher
confidence than C. Four confidence categories (1-4) were
established with a confidence level of 4 indicating the highest
confldence and a confidence level of 1 the lowest confidence.
It should be noted, however, that all associations reported 1n
OFFSIDES according to an embodiment of the present inven-
tion are statistically significant. Confidence level 4 indicates
that the p-value was 1n the top 10% of associations 1n run B.
Confidence level 3 indicates that the p value was 1n the top
25% of associations in run B or the top 5% from run C
(excluding any associations also 1n category 4). Confidence
level 2 1indicates that the association was found to be statisti-
cally significant (p<t0.05) in run B and 1n the top 50% of the
p-values 1n run C. The same confidence categories were used
in the creation of the polypharmacy side effect database
(OFF-BOTH-SIDES) according to an embodiment of the
present invention. The drug-drug-event associations reported
are filtered for only those associations not easily explained by
either drug alone. Any drug-drug-event associations were
removed that were a known to be caused by at least one of the
two associated drugs according the FDA drug labels. In addi-
tion, any associations were removed where the association

score for one of the single drugs 1s greater than the associa-
tions score for both drugs (e.g., if PRR _, <PRR _ or

X VW€

PRR, , <PRR, , or where x and y are the drugs and e 1s the
event).

It should be appreciated by those skilled 1n the art that the
specific embodiments disclosed above may be readily uti-
lized as a basis for modifying or designing other image pro-
cessing algorithms or systems. It should also be appreciated
by those skilled 1n the art that such modifications do not
depart from the scope of the mmvention as set forth in the
appended claims.

What 1s claimed 1s:
1. A computer-implemented method for detection of latent
signals 1n adverse event information, comprising;
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receiving a set of drug and event information that includes
a first set of adverse event information and further
includes prescription and morbidity information;

identifying a second set of events associated with the first
set of adverse events;

computing covariances in drug co-prescription from the set

of drug and event information;

computing covariances in co-morbities from the set of drug

and event information;
approximating adverse event biases based on the covari-
ances 1n drug co-prescription and comorbidities;

applying a statistical analysis to the second set of events to
determine a subset of the second set of events that occurs
above a predetermined level with the first set of adverse
events, wherein the statistical analysis 1s corrected based
on the approximated adverse event biases;

receiving a training dataset that includes drug and event

information;

training a predictive model using the subset of the second

set of events and the training dataset, wherein the pre-
dictive model 1s trained to detect a detected set of
adverse events; and

applying the predictive model to a test dataset to determine

the detected set of adverse events.
2. The computer-implemented method of claim 1, wherein
the set of drug and event information is recerved from the
Food and Drug Administration.
3. The computer-implemented method of claim 1, wherein
drug labels are used to 1dentily the second set of events.
4. The computer-implemented method of claim 1, wherein
training the predictive model 1s performed using machine
learning techniques.
5. The computer-implemented method of claim 1, wherein
the training dataset and test dataset are independent.
6. The computer-implemented method of claim 1, further
comprising drugs or drug-drug pairs by a likelihood to be
associated with the first adverse event.
7. The computer-implemented method of claim 6, further
comprising removing drugs or drug-drug pairs with predeter-
mined mechanisms.
8. A non-transitory computer-readable medium including
instructions that, when executed by a processing unit, cause
the processing unit to detect latent signals 1n adverse event
information, by performing the steps of:
receiving a set of drug and event information that includes
a first set of adverse event information and further
includes prescription and morbidity information;

identifying a second set of events associated with the first
set of adverse events;

computing covariances in drug co-prescription from the set

of drug and event information;

computing covariances in co-morbities from the set of drug

and event information;

approximating adverse event biases based on the covari-

ances 1n drug co-prescription and comorbidities;
applying a statistical analysis to the second set of events to

determine a subset of the second set of events that occurs

above a predetermined level with the first set of adverse
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events, wherein the statistical analysis 1s corrected based
on the approximated adverse event biases;

receving a training dataset that includes drug and event

information;

training a predictive model using the subset of the second

set of events and the training dataset, wherein the pre-
dicttve model 1s tramned to detect a detected set of
adverse events; and

applying the predictive model to a test dataset to determine

hidden the detected set of adverse events.

9. The non-transitory computer-readable medium of claim
8, wherein the set of drug and event information is recerved
from the Food and Drug Administration.

10. The non-transitory computer-readable medium of
claim 8, wherein drug labels are used to identify the second
set of events.

11. The non-transitory computer-readable medium of
claim 8, wherein training the predictive model 1s performed
using machine learming techniques.

12. The non-transitory computer-readable medium of
claim 8, wherein the traiming dataset and test dataset are
independent.

13. The non-transitory computer-readable medium of
claim 8, further comprising drugs or drug-drug pairs by a
likelihood to be associated with the first adverse event.

14. The non-transitory computer-readable medium of
claim 13, further comprising removing drugs or drug-drug
pairs with predetermined mechanisms.

15. A computing device comprising:

a data bus:

a memory unit coupled to the data bus;

a processing unit coupled to the data bus and configured to

receive a set of drug and event information that includes
a first set of adverse event information and further
includes prescription and morbidity information;

identily a second set of events associated with the first
set ol adverse events;

compute covariances 1n drug co-prescription from the
set of drug and event information;

compute covariances 1 co-morbities from the set of
drug and event information;

approximate adverse event biases based on the covari-
ances 1n drug co-prescription and comorbidities;

apply a statistical analysis to the second set of events to
determine a subset of the second set of events that
occurs above a predetermined level with the first set of
adverse events, wherein the statistical analysis 1s cor-
rected based on the approximated adverse event
biases;

receive a tramning dataset that includes drug and event
information;

train a predictive model using the subset of the second
set of events and the training dataset, wherein the
predictive model 1s trained to detect a detected set of
adverse events; and

apply the predictive model to a test dataset to determine
the detected set of adverse events.
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UNITED STATES PATENT AND TRADEMARK OFFICE
CERTIFICATE OF CORRECTION

PATENT NO. 19,305,267 B2 Page 1 of 1
APPLICATION NO. : 13/738966

DATED : April 5, 2016

INVENTOR(S) : Nicholas Tatonetti, Russ B. Altman and Guy Haskin Fernald

It is certified that error appears In the above-identified patent and that said Letters Patent is hereby corrected as shown below:

In the Claims

In Claim 1, Column 17, Line 10-11, the phrase “approximating adverse event biases on the
covariances 1n drug co-prescription and comorbidities;” should read --approximating adverse event
biases on the covariances 1n drug co-prescription and co-morbidities;--.

In Claim 6, Column 17, Line 35-37, the phrase “The computer-implemented method of claim 1,
further comprising drugs or drug-drug pairs by a likelihood to be associated with the first adverse
cvent.” should read --The computer-implemented method of claim 1, further comprising drugs or
drug-drug pairs by a likelihood to be associated with the first set of adverse events.--.

In Claim 8, Column 17, Lines 34-35, the phrase “approximating adverse event biases based on the
covariances 1n drug co-prescription and comorbiditics;” should read --approximating adverse event
biases based on the covariances 1n drug co-prescription and co-morbidities;--.

In Claim 13, Column 18, Lines 23-25, the phrase ““The non-transitory computer-readable medium of
claim 8, further comprising drugs or drug-drug pairs by a likelithood to be associated with the first
adverse event.” should read --The non-transitory computer-readable medium of claim 8, further
comprising drugs or drug-drug pairs by a likelihood to be associated with the first set of adverse
cvents.--.

In Claim 15, Column 18, Lines 42-43, the phrase “approximate adverse event biases based on the
covariances 1n drug co-prescription and comorbiditics;” should read --approximate adverse event
biases based on the covarnances 1n drug co-prescription and co-morbidities;--.

Signed and Sealed this
T'wenty-seventh Day of November, 2018

Andrei Iancu
Director of the United States Patent and Trademark Office
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